It is very important to map the burned forest areas economically, quickly and with the high accuracy of issues such as damage assessment studies, fire risk analysis, and management of forest regeneration processes. Remote sensing methods give advantages such as fast, easy-to-use and high accuracy for burned area mapping. Recent years machine learning algorithms have become more popular in satellite image classification, due to the effective solutions for the analysis of complex datasets which have a large number of variables. In this study, the success of object based random forest algorithm was investigated for burned forest area mapping. For this purpose, Object based image analysis (OBIA) was performed using Landsat 8 image of the Adrasan and Kumluca fires which occurred in 24 -27 June 2016. The study consisted of five steps. In the first step, the multi-resolution image segmentation was performed for obtaining image objects from Landsat 8 spectral bands. In the second step, the image object metrics such as spectral index and layer values were calculated for all image objects. In the third step, a random forest classifier model was developed. Then, the developed model applied to the test site for classification of the burned area. Finally, the obtained results evaluated with confusion matrix based on the randomly sampled points. According to the results, we obtained 0.089 commission error (CE) with 0.014 omission error (OE). An overall accuracy was obtained as 0.99. The results show that this approach is very useful to be used to determine burned forest areas.
INTRODUCTION
Forests, one of the most important natural sources, provide a rich biodiversity that contributes directly and indirectly to economic and social life. The destruction of forests by fire leads to negative effects such as environmental pollution, destruction of historical and natural wealth, picnic places, forest parks, hunting areas and sports areas that are suitable for the city life and adversely affecting the economy (Adams, 2013) .
Especially for the countries located in the Mediterranean climate zone, forest fires are among the most important natural threats (Hernandez, Drobinski, & Turquety, 2015) . About 50,000 fires occur each year in these countries and about 700,000-1,000,000 ha of forest area are exposed to fire (Dimitriou, Mantakas, & Kouvelis, 2001) . Mapping burned areas can determine the effects of fires (G. Chen et al., 2017; Meng et al., 2017; Palandjian, Gitas, & Wright, 2009 ) and help to plan and manage operations to prevent desertification, biodiversity loss, flooding and soil erosion, which can occur after a fire (Vallejo, Arianoutsou, & Moreira, 2012) . It can also be used as input data for the generation of fire risk maps of the future (Filippidis & Mitsopoulos, 2004) .
Satellite remote sensing has offered great advantages in the monitoring and mapping of burned areas since the 1980s (Flannigan & Haar, 1986) . Optical satellite data has been especially successful in generating a burned area inventory on the continental scale (Barbosa, Grégoire, & Pereira, 1999) , regional scale (Giglio, Loboda, Roy, Quayle, & Justice, 2009; Loboda, O'neal, & Csiszar, 2007) and national scale (Palandjian et al., 2009 ). Many image analysis techniques, such as vegetation and burn index (Chuvieco, Martin, & Palacios, 2002; Epting, Verbyla, & Sorbel, 2005; Escuin, Navarro, & Fernandez, 2008; Loboda et al., 2007; Pereira, 1999) , supervised classification (Palandjian et al., 2009) , logistic regression (Bastarrika, Chuvieco, & Martín, 2011) , spectral angle mapper and artificial neural network (Petropoulos, Vadrevu, Xanthopoulos, Karantounias, & Scholze, 2010) , Neuro-fuzzy (Mitrakis, Mallinis, Koutsias, & Theocharis, 2012) and support vector machine (Petropoulos, Kontoes, & Keramitsoglou, 2011) , have been successfully applied to pixel based satellite data of various resolutions.
Pixel based image analysis (PBIA) and object based image analysis (OBIA) techniques are the two main image analysis approach in satellite image classification. While PBIA approach works on each individual pixel for extracting information from satellite images, OBIA approach uses image objects that consist of homogenous pixel groups. While pixel based approach has generally applied to medium and low spatial resolution images, OBIA has applied to high and very high spatial resolution images. There were many studies that applied to OBIA to medium and low resolution images for burned area mapping (Gitas, Mitri et al. 2004 , Polychronaki and Gitas 2012 , Katagis, Gitas et al. 2014 , Kavzoglu, Erdemir et al. 2016 , (Gitas, Mitri et al. 2004) . Analyzing the studies using medium resolution satellite images to compare these two approaches, OBIA gives more accurate results than PBIA (Estoque, Murayama, & Akiyama, 2015; Gao, Mas, Kerle, & Pacheco, 2011; Gilbertson, Kemp, & van Niekerk, 2017; Varamesh, Hosseini, & Rahimzadegan, 2017) . Also, OBIA reduce the salt and pepper effect that cause misclassified pixel on satellite images (Phiri & Morgenroth, 2017) (Gao et al. 2011) . For these reasons, OBIA was selected for burned forest area mapping in this study.
Object-based classification of burned areas has been applied to very high-resolution images (Dragozi, Gitas, Stavrakoudis, & Theocharis, 2014) , high-resolution images (Sertel & Alganci, 2016) , medium resolution images (Katagis, Gitas, & Mitri, 2014; Kavzoglu, Erdemir, & Tonbul, 2016; Mitri & Gitas, 2004; Polychronaki & Gitas, 2012) , low resolution images (Gitas, Mitri, & Ventura, 2004) and SAR images (Polychronaki, Gitas, Veraverbeke, & Debien, 2013) . The OBIA has two main steps, segmentation and classification (Baatz, Hoffmann, & Willhauck, 2008) . Multi-resolution segmentation used in the segmentation phase is a preferred method (Benz, Hofmann, Willhauck, Lingenfelder, & Heynen, 2004) . The classification process is carried out by rule-based or supervised classification.
In many studies, rule-based classification methods have been used to map burned areas along with objectbased classification methods. The rule-based classification has two limitations, although it does not yield successful results in the removal of burned areas. These are, (i) the difficulty in deciding which descriptive properties are really important within a large number of object metrics in large data sets, and (ii) its limited applicability to different environmental conditions and different data types (Stumpf & Kerle, 2011) . Therefore, in the extraction of burned fields from complex datasets and data sets with a large number of variables, there is a need to implement other classification algorithms. Machine learning algorithms such as random forest (Breiman, 2001) provide effective solutions for the analysis of complex datasets. Random forest has been successfully applied to areas such as mapping landslides (Breiman, 2001; W. Chen, Li, Wang, Chen, & Liu, 2014; Stumpf & Kerle, 2011) , gene selection (Díaz-Uriarte & De Andres, 2006), land cover classification (Gislason, Benediktsson, & Sveinsson, 2006) and hyperspectral image classification (Ham, Chen, Crawford, & Ghosh, 2005) . Also, it has been used forest fire studies such as fire occurrence modeling (Gislason et al., 2006) , forest and woodland severity analysis (Dillon et al., 2011; Holden, Morgan, & Evans, 2009) . There is only one study is available in the literature for the mapping of burned areas with the random forest based classifier. This classifier was developed to extract the burned areas on the global scale from the MODIS images (Ramo & Chuvieco, 2017) .
In this study, we evaluated the performance of the random forests algorithm for mapping of burned forest areas from remotely sensed images that were segmented to image objects. This approach allows the advantages of an object-based classification method to combine random forest algorithm with more accurate extraction of burned areas.The images of the Kumluca and Adrasan regions (the study area) are obtained for free from the Landsat 8 satellite. First, the images are segmented using multiresolution segmentation for obtaining image objects. After the image object attributes such as band indices and band value were calculated, training and test datasets were generated. The training data were used to determine the optimal random forest classification model by testing different parameter and attribute importance for best result is calculated. The classification model was applied to test data set. The accuracy level of the results was evaluated according to the confusion matrix based on the randomly sampled points. Also, the map obtained from the local authority and the map obtained by the proposed method were compared according to the total burned areas. In addition, Normalize Difference Vegetation Index (NDVI) based change detection map was used for interpretation of results. The results show that the random forest algorithm has the potential to be used as a tool by forest management authorities to identify burned forest areas with high accuracy and low cost.
STUDY AREA AND DATA SETS
In this study, the forest fires that occurred on 24-27 June 2016 in Adrasan and Kumluca regions in Antalya province were investigated (Figure 1 ). The province of Antalya is located in the Mediterranean climate zone, where there is a risk of first-degree fire. The existing forest area is 1,146,062 hectares, covering 56% of the province's surface area. The forest areas in the province correspond to 5.4% of the forest areas of Turkey. The tree species in the Antalya forest area are composed of the red leaf (65%), cedar (16%), black cherry (8%), fir (5%), juniper (4%) and other leafy species (URL 1). During the fire that occurred on 24 -27 June 2016, very large forest areas were destroyed, animals, greenhouses and houses were badly affected (Neyisci, Sirin, Bas, & Saribasak, 2016) .
Figure. 1 Location of Adrasan and Kumluca
Landsat 8 Operational Land Imager (OLI) L1TP postevent (08 July 2016) data were used in this study. The Landsat L1TP collection is radiometrically calibrated and orthorectified using ground control points and digital elevation model (DEM) data, to correct for relief displacement (URL 2). Post-event image bands were used for mapping the area with random forest. Landsat 8 OLI sensor images consist of nine spectral bands. Excluding the cirrus and ultra-blue bands, seven bands were used for burned area analysis (Table 1) . Also, pre-event image (which was taken 22 June 2016) was utilized for obtaining NDVI based change detection map. 
METHODS
In this study, applied methods was composed of five steps which were pre-processing, image segmentation, calculation of image object attributes, classification and accuracy assessment.
Figure. 2 Flowchart of the methodology for burned area classification
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Preprocessing
During the preprocessing phase, 30-meter spectral bands were pansharpened with a panchromatic band of the 15 -meter resolution. In this phase, the PANSHARP2 algorithm in PCI Geomatica (2016) software was used for fusion of panchromatic and spectral bands. This versatile and extremely simple algorithm that can work with any data type is based on the least squares and a statistical approach. The first step in the PANSHARP 2 algorithm is to co-register the panchromatic band and multispectrum image bands together as geographically corrected. This algorithm attempts to protect spectral properties, mean, standard deviation, and histogram shape for each channel. When calculating the best gray value with the smallest squares and color presentation, statistical approximation and automatic fusion were performed (Zhang, 2002) .
Image Segmentation
In this study, the advantages of the object-based classification method were used to obtain a more accurate result. This method has been used in the literature to overcome the limitations and weaknesses of pixel based image analysis.
The first stage of object-based classification is the creation of homogeneous and meaningful image objects for image segmentation. Over recent decades, a number of image segmentation methods have been developed for remote sensing image analysis (Dey, Zhang, & Zhong, 2010) . In this study, the multi-resolution segmentation (MRS) method was used. MRS is a region enhancement algorithm that combines pixels or existing image objects together. The method starts at the pixel level and combines neighboring pixels depending on a spectral and geometric homogeneity criterion. In the study, MRS was implemented using Ecognition Developer (version: 9.0) software. In the segmentation process, 6 spectral bands, which are pansharpened to 15m, were used. In order to obtain optimal image objects, the scale parameter, shape, integrity and layer weight were specified by the user (Benz, Hofmann, Willhauck, Lingenfelder, & Heynen, 2004) . As a result of a visual analysis made by the trial and error method, the appropriate parameter values for the data set were determined as scale factor 100, shape 0.3 and compactness 0.5. The equal weight values were assigned to all bands.
Calculation of Image Object Attributes
The forest fires directly affect the vegetation. There are many studies on burned area mapping and burned severity assessment use burned area indices and vegetation indices for increasing success of the methods (Chuvieco et al., 2002; Fraser, Li, & Cihlar, 2000; Loboda et al., 2007; Schepers et al., 2014) . Starting from that, commonly used indices and other band values were preferred object image attributes. Eighteen object attributes were calculated for use in the classification steps of random forest, described below:
The mean values of six spectral bands (Blue, Green, Red, NIR, SWIR 1, SWIR 2), defined as the average of the reflection values of the pixels that form an image object.
The mean brightness (B) calculated as the sum of the object means in the bands (c i(vis) ) divided by the number of the corresponding bands ( n vis ) (Stumpf & Kerle, 2011 ):
(1)
The maximum difference, defined as the absolute value of the difference between the minimum object mean min( ( ) ) and maximum object mean max( ( ) ), divided by the object brightness B (Stumpf & Kerle, 2011 ):
Four burned area indexes, as frequently referred to in the literature, calculated for image objects: burned area index (BAI), normalized burn ratio (NBR) (Key & Benson, 2006) , normalized burn ratio 2 (NBR2), and midinfrared burn index (MIRBI) (Trigg & Flasse, 2001 ):
= 10 2 − 9.8 1 + 2 (6)
Six spectral indices for burned area and fire damage detection, the normalized difference vegetation index (NDVI) (Tucker, 1979) , global environmental monitoring index (GEMI) (Pinty & Verstraete, 1992) , enhanced vegetation index (EVI)(A. Huete et al., 2002) , soiladjusted vegetation index (SAVI) (A. R. Huete, 1988) , char Soil Index (CSI) (Smith et al., 2007) and normalized difference moisture index (NDMI) (Wilson & Sader, 2002) . The equation for: 
= . Vol; 4, Issue; 2, pp. 078-087, June, 2019 , ,
SAVI = (1 + L)((NIR − RED)/(NIR + RED + L)) (11) with
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L = 0.5 (12) CSI = NIR/SWIR2 (13) NDMI = ( NIR − SWIR1)/(NIR + SWIR1)(14)
Classification
The random forest method, which is a machine learning algorithm, is used for the classification of the burned areas. The random forest method, developed by Breiman (2001) , is a nonparametric mass learning algorithm that uses numerous decision trees in the classification process (Breiman, 2001 ). According to Breiman (Breiman, 1996) , with a classification process using a single decision tree, small changes in training lead to high variance. And this situation reduces the accuracy of classification. Random forest, on the other hand, forms a multi-decision tree with sub-datasets randomly selected in the training data. Each decision tree is voted for, according to its class membership, and the decision tree that receives the most votes is used in predicting the related class (Stumpf & Kerle, 2011) .
The random forest algorithm works according to the supervised classification method. In this context, training and test data are needed. Within the scope of the study, the Kumluca region was selected as the training area and the Adrasan region as the test area. In the training area, image segments were defined in two classes, burned area (BA) and non-burned area (NBA). There are 13551 number of the image objects in the training data field. The 501 number of them were burned areas, and the others were non-burned areas. There are 9968 image segments in the test data (Figure 3) . In the study, the model parameters to be used in the classification of the training data were determined first. In the random forest algorithm, there are two parameters must be determined by the user. These are the number of trees (N) and the number of attributes to choose randomly (m). These two parameters were applied to the training data with various values, in order to find the appropriate model values for classification. The m value was generally calculated using √m equation. 20 different random forest classifier models which were a combination of the ten numbers of trees (100-1000 increase by 100) and two numbers of attributes (m = 4, 5 which indicate integer value the lower and upper values close to √m) was built for determining the optimum parameter. The result was evaluated Balanced Accuracy (Kuhn & Johnson, 2013; Ramo & Chuvieco, 2017) defined in Table 2 . 
Accuracy Assessment
The random forest classification results were validated using a confusion matrix, known as the most common method of image classification in remote sensing applications. It was possible to calculate overall accuracy, omission errors and commission errors using the confusion matrix (Banko, 1998) . Classification results which applied to test data evaluated two different ways. First, 650 random points were generated for evaluation of the classification results. Then the result was compared local authority map. Following equation shows error value calculations. A parameter which is used in equation same as the Table 2 .
Overall Accuracy = (E 11 − E 22 )/E ∑ (18)
RESULTS
Optimum parameter selection for Random Forest (RF)
Developing of random forest classifier, open source WEKA Data Mining software was used for burned forest area mapping. random forest algorithm was applied to the training data as ten-fold cross-validation procedure. In this purpose, the data were randomly divided into ten parts. Nine parts are used as training data and one part is used as validation data. This step continues in a way that all parts are applied alternately. The 20 different classifier model was developed according to two attribute' s value International Journal of Engineering and Geosciences (IJEG), Vol; 4, Issue; 2, pp. 078-087, June, 2019, , (4,5) and ten different numbers of trees (100-1000 increase by 100). Figure 4 shows the balanced accuracy of 20 models according to the different number of randomly selected attributes (m) and the number of trees (N). It was also tested in other values that are different from the attribute numbers 4 and 5. The similar results were obtained for other numbers of attributes. Therefore, only 4 and 5 attributes value result is shown in Figure 4 . According to Figure 
Attributes Importance
The spectral bands in remote sensed images and spectral indices obtained with the help of these bands provide a wide range of variable. The use of these detailed variable increases the processing time as much information does not always provide the right result. Therefore, it should be determined which features are important for classification to reduce the data size.
The attribute importance was calculated with the different methods in the literature (Biau, Devroye, & Lugosi, 2008; Ishwaran, 2007; Louppe, Wehenkel, Sutera, & Geurts, 2013; Meinshausen, 2006) . In their study, Louppe at.all (2013) indicate that the average impurity decrease value for each input variable is equal to zero only if the variable is irrelevant.
In this study attribute importance was calculated according to the average impurity decrease for selected optimum random forest parameters (Louppe et al., 2013) . Figure 5 shows the importance of every attribute which was used in this study. All attributes have very closed importance each other. But NDVI has seen the most important attributes which have 0.34 impurity decrease. GEMI and EVI indices that have 0.32 impurity decrease are secondly important attributes. According to attributes importance results there is no variable that equal to zero. Therefore, all attributes were used for classification. 
Random Forest Classification Results for Adrasan Test Site
The developed random forest classifier model for training data based on optimum parameters was applied the test dataset. The obtained results were evaluated with two different ways. First, randomly 650 points were generated on a test site to evaluate the classification results. Then, obtained map compare with local authority map.
According to the random points results, the object based random forest classification achieves 0.089 commission error (CE) with 0.014 omission error (OE). An overall accuracy was obtained as 0.99. Table 3 shows the error matrix with descriptive statistics. The random forest classification result compared with a local authority map which was generated by the Antalya Forest General Directorate. Table 4 shows evaluation results. According to the Table 4 , the total area of the burned forest is in the map obtained from local authority 609.48 ha, in the result map of the classification 483.98 ha. The difference between them is 125.5 ha. 
IMPURITY DECREASE
DISCUSSION
In the segmentation process, the similar pixels were grouped based on the object-based classification method. This process reduced the number of input data for classification process. in the analysis to ensure quick results. In the study, after the segmentation process the number of the input data to be classified decreased from 1762725 to 23519.
The random forest algorithm is a fast-running classification method that can be applied to a large number of data and variables. In the study, burned areas were successfully determined using the 18 variables. Since the variables were randomly selected in the classification process with the random forest algorithm, in each classification, different variables could be included. Also, which attributes are important for classification could be calculated.
In this study, a random forest classifier model was developed for Landsat 8 data. The developed model was tested on Adrasan burned area. Evaluation of results two different reference data which area 650 random points and the local authority map was used. Ground truth for 650 random points was labeled using the RGB color map of Landsat 8, Google Earth images and NDVI difference maps. 650 random points results give higher accuracy with 0.089 commission and 0.014 omission error. International Journal of Engineering and Geosciences (IJEG), Vol; 4, Issue; 2, pp. 078-087, June, 2019, , The NDVI difference map was generated for interpretation of the results. Pre-event (22 June 2016) NDVI map was extracted from the post-event (8 July 2016) NDVI map for generating NDVI difference map (dNDVI). Figure 6 shows the local authority burned area border as a blue line, dNDVI results as green color and random forest classification results as red color. According to Figure 6a , the results of dNDVI and random forest classification results largely overlapped, while the local authority map shows a wider area than both. Although there is no change in plant cover in the areas indicated by black rectangles in figures 6b and 6c, these areas are shown as a burned area in the local map. Local authority burned area boundary shows a more general area. While the local map showed a general area, the results of the dNDVI map and the random forest classification did not reveal the soil and road areas as burned areas which shows a yellow rectangle in figure 6b and figure 6c. These results explain where the difference area in Table 4 came from.
Forest fires are disasters that directly affect the forest cover. If the burning area is below the forest and there is no change in the forest, mapping it from optical satellite images is not possible. In figure 6b , the area shown by the black rectangle was not mapped with applied method in this study, because forest cover has not changed. On the other hand, change detection analysis made by one attribute such as NDVI, other surfaces could be extracted as burned area. For example, Areas which are shown by the black rectangle in figure 6a has similar NDVI change with the burned areas. In addition, pre-event and postevent images are not always easy to access. Therefore, classification algorithms such as random forests, which can use many attributes over a single image, are very important. In this study, the random forest algorithm was applied at the local scale, but this study can be applied to larger areas.
CONCLUSION
The rapid development of remote sensing technologies has prompted users to look for ways to develop powerful and effective alternatives at the point of delivery analysis. In recent years, fast and efficient classification algorithms have been developed for classifying data in complex structures, particularly in the classification of satellite images for the production of thematic maps. Among these methods, machine learning algorithm called random forest algorithm is proposed as an effective classification algorithm which is used to solve many application problems including the problem of classification of remotely sensed images.
In this study, a random forest algorithm searched for potential burned areas. 18 variables were used (10 spectral indexes, mean values of 6 bands, brightness, and maximum difference), taken from the literature, to identify burned areas. Since the random forest algorithm randomly selects variables in the classification process, it can be seen that each experiment could benefit from using different variables. As a result of the classification process, the burned areas were determined with a high level of accuracy. The study was carried out in two burned forest areas, on the same date. The Kumluca area was used as training data and the Adrasan area as test data. The results of the classification process show that this method could be used for identifying burned areas with the high accuracy. Future studies will be based on to use the method on the higher resolution images such as Sentinel -2 which provide free data to improve the field of use.
